Introduction
In recent time, there is an increasing concern over the re-emergence of tuberculosis (TB) which is an infectious diseases caused by the tubercle bacillus, Mycobacterium tuberculosis (M. tuberculosis). This re-emergence is at- This is to ensure that a more uniformly distributed data is obtained. The chemical structure of the compounds together with their experimental and predicted activities is shown in Table 1 .
The basic structure of 1,3-diphenylprop-2-ene-1-one is given by:
O Table 1 . Molecular structure with observed and predicted activity of chalcone derivatives used in training and test set. 
Geometry Optimization
Chemical structures of the compounds were drawn using the ChemDraw software [18] , while the molecular geometries were optimized using Spartan 14 software [19] , at the density functional theory (DFT) level using Becke's three-parameter Lee-Yang-Parr hybrid functional (B3LYP) in combination with the 6-31G* basis set. The Spartan 14 software also resulted in the generation of a set of quantum chemical descriptors.
Descriptors Calculation
The low energy conformers were then submitted for further generation of an additional set of molecular descriptors using the software "PaDel-Descriptor version 2.20". Different physicochemical descriptors were calculated for each molecule in the study table. These descriptors included electronic, spatial, structural, thermodynamic and topological. This was combined to the set of quantum chemical descriptors obtained from the low energy conformer of the structures as generated by Spartan 14 software.
Data Pre-Treatment/Feature Selection
It is observed that constant value and highly correlated descriptors may cause difficulties in forming QSAR models, hence the predictivity and generalization of the model fails under these conditions. In order to overcome this problem, the pre-processing for the generated molecular descriptors was done by removing descriptors having constant value and pairs of variables with correlation coefficient greater than 0.9 using "Data Pre-Treatment GUI 1.2" tool that uses V-WSP algorithm [20] [21].
Creation of Training and Test Set
The dataset of twenty four molecular structures was split into training and test set by Kennard Stone algorithm technique using the software "Dataset Division GUI 1.2" [22] . This is an application tool used to perform rational selection of training and test set from the data set.
QSAR Model Development and Validation

Model Development
The QSAR model were developed from the training set compounds where the independent variables (quantum chemical and molecular descriptors) and the dependent (response) variable (pIC 50 ) were subjected to multivariate analysis by Genetic Function Approximation (GFA) technique using the material studio software. GFA was performed by using 50,000 crossovers, a smoothness value of 1.00 and other default settings for each combination. An initial of three and a maximum of five terms per equation were considered for model development.GFA measures the fitness of a model during the evolution process by calculating the Friedman lack-of-fit (LOF). In Materials Studio, LOF is calculated using the expression: 2 
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where SSE is the sum of squares of errors, c is the number of terms in the model, other than the constant term, d is a user-defined smoothing parameter, p is the total number of descriptors contained in all model terms (again ignoring the constant term) and M is the number of samples in the training set [23] .
Model Validation
The developed QSAR models were validated in order to test the internal stability and predictive ability of the models. The procedure employed in model validation is:
1) Internal Model Validation
The developed models were validated internally by leave-one-out (LOO) cross-validation technique. In this technique, one compound is eliminated from the data set at random in each cycle and the model is built using the rest of the compounds. The model thus formed is used for predicting the activity of the eliminated compound. The process is repeated until all the compounds are eliminated once. The cross-validated squared correlation coefficient,
was calculated using the expression:
where obs Y represents the observed activity of the training set compounds, pred Y is the predicted activity of the training set compounds and Y corresponds to the mean observed activity of the training set compounds.
Also calculated was the adjusted R 2 ( 2 a R ) which is a modification of R 2 that adjusts for the number of explanatory terms in a model. Unlike R 2 in which addition of descriptors to the developed QSAR model increases its value, the value of 2 a R increases only if the new term improves the model more than what would be expected by chance [24] . Hence 2 a R overcomes the draw backs associated with the value of R 2 and was calculated using the expression:
where p is the number of predictor variables used in the model development.
In other to judge the overall significance of the regression coefficients, the variance ratio, F value (the ratio of regression mean square to deviations mean square), was also calculated using the relation:
2) External Model Validation
External validation was employed in order to determine the predictive capacity of the developed model as judged by its application for the prediction of test set activity values and calculation of predictive R 2 (R 2 pred) value as given by the expression: 2 m r determine how closely the predicted activity data fits the corresponding observed activity range [27] .
When the axes are interchanged, i.e. predicted values are considered in y-axis and observed values are considered in the x-axis, we obtain the parameter March 2016 | Volume 3 | e2432 
3) Randomization Test
The robustness of the developed QSAR model was checked using the Y-randomization technique in which model randomization was employed. In Y-randomization, validation was performed by permuting the response values, Activity (Y) with respect to the descriptor (X) matrix which was unaltered [32] .
The deviation in the values of the squared mean correlation coefficient ofthe randomized model ( 2 r R ) from the squared correlation coefficient of the non-randommodel (R 2 ) is reflected in the value of 2 parameter computed from the expression [33] :
In an ideal case, it is observed that the average value of ( ) 2 2 r R R for the randomized models should be should be zero. This implies that the value of value of 2 p R should be equal to the value of 2 for the developed QSAR model. This led [34] , to suggest a correction for 2 p R which is defined as:
In other to penalize the developed models for the difference between the squared correlation coefficients of the randomized and the non-randomized models, the value 2 c v R was calculated for each model. This procedure ensures that the model is not due to a chance.
The Y-randomization results were generated using the program "MLR Y-Randomization Test 1.2" [35] .
Results and Discussion
Geometry Optimization and Descriptors Calculation
The observed activities for the various data sets were transformed to obtain a more uniformly distributed data as shown in Table 1 . After minimization of the various compounds in the data set 32 descriptors were generated using the Spatans 14 software. These were combined to the 1875 descriptors generated using the PaDEL software to give a total of 1907 descriptors.
Feature Selection and Data Division
The generated descriptor results were subjected to data pre-treatment where descriptors having constant value and pairs of variables with correlation coefficient greater than 0.9 were removed using the software: "Data Pre-Treatment GUI 1.2". Data pre-treatment resulted in 973 descriptors from 1907descriptors, thus removing 934 invariable and highly correlated descriptors. Data division using Dataset Division GUI 1.2" tool resulted in 16 molecular compounds (comprising approximately 67% of total compounds) in the training set and 8 compounds (comprising approximately 33.3% of total compounds) in the test set.
Model Development and Validation
A total of five models were developed from the training set by Genetic Function Approximation using the Material Studio Software. The developed models and the description of the molecular descriptors which appeared in the developed models are given in Table 2 and Table 3 respectively.
The predicted activities of the training set compounds by the developed models were also generated by the Material Studio Software as shown in Table 4 and Table 5 .
The results of the internal validation for the developed models are given in Table 6 . The external validation results are summarized in Table 6 . Internal validation results for the generated models by genetic function approximation.
S/No Equation 1 Equation 2 Equation 3 Equation 4
Equation 5 1 If we consider the predictive capacity of the developed models, model 3 has the best predictive capacity since it has the highest 
Interpretation of the Descriptors in the QSAR Equations
The descriptors which contributed to the specific anti-tuberculosis inhibitory activity in the selected model and their importance are discussed below: Equations 1 to 5 showed the importance of nCl, MATS2m, GATS1m, RDF115e, RDF115u, RDF130m and RDF140s descriptors, on the anti-tuberculosis activity of 1,3-diphenylprop-2-ene-1-ones. From the developed models the descriptors nCl, MATS2m, GATS1m, RDF115e and RDF115u correlate negatively with the anti-bacteria biological activities of 1,3-diphenylprop-2-ene-1-one derivatives while the descriptors RDF130m and RDF140s correlates positively with the activities. This suggests that lower values of the descriptors nCl, MATS2m, GATS1m, RDF115e and RDF115u and higher values of the descriptors RDF130m and RDF140s lead to improvements in Anti-tuberculosis inhibitory activity.
In the developed models, four Radial Distribution Function (RDF) descriptors are encountered namely RDF115u, RDF115e, RDF130m and RDF140s. The RDF descriptors are based on a radial distribution function which can be interpreted as the probability distribution of finding an atom in a spherical volume of radius r [38] .
For a Radial Distribution Function defined by RDFrw, which is generally calculated at a number of discrete points with a step size for r = 0.5 Å under five different weighing schemes (w), given by the unweighted case (u), atomic mass (m), Van der Waals volume (v), atomic polarizability (p) and Sanderson atomic electronegativity (e). Besides information about interatomic distances in the entire molecule, RDF descriptors provide further valuable information, for example, about bond distances, ring types, planar and non-planar systems and atom types [39] .
Among the four RDF descriptors in the developed models, one is unweighted, the second is weighted by atomic Sanderson electronegativity, the third is weighted by atomic masses, while the remaining one descriptor is weighted by one-state.
Since the descriptor nCl is negatively correlated with anti-tuberculosis activity of 1,3-diphenylprop-2-ene-1-ones, the presence of a chlorine substituent in the chalcone derivative does not improve the anti-tuberculosis activity of 1,3-diphenylprop-2-ene-1-ones. This is also confirmed by the descriptor RDF115e which is also negatively correlated with anti-tuberculosis activity for the considered derivatives.
MATS2m (Moran autocorrelation-lag 2/weighted by atomic masses) and GATS1m (Geary autocorrelation of lag 1 weighted by mass) are 2D autocorrelation descriptors, which are obtained from molecular graphs, by summing the products of atom weights of the terminal atoms of all the paths of the considered path length (the lag) [40] . These descriptors are related to the atomic property of a molecule, such as molecular size influence the retention of compound. Since MATS2m and GATS1m are negatively correlated with anti-tuberculosis activity, their decrease has a positive influence on the anti-tuberculosis activity of 1,3-diphenylprop-2-ene-1-ones.
This result illustrates that the proper distribution of the above properties is a necessary requirement for chalcone derivatives of 1,3-diphenyl prop-2-en-1-ones with potent anti-tuberculosis activity.
Conclusions
In this research, the ant-tuberculosis inhibition potentials of twenty four molecular structures of chalcone derivatives of 1,3-diphenylprop-2-ene-1-one were modelled by QSAR. Geometry optimization was investigated at the DFT level. The optimized structures were submitted for the generation of a total number of 1907 quantum chemical and molecular descriptors which were further subjected to data pre-treatment. The entire data set was split into training and test sets by Kennard Stone algorithm. Model development was achieved by Genetic Function Approximation which resulted in the generation of five models.
Based on this present QSAR studies, it was observed that the descriptors which were highly correlated with the anti-bacteria biological activity of 1,3-diphenylprop-2-ene-1-one derivatives were: nCl, MATS2m, GATS1m, RDF115e, RDF115u, RDF130m and RDF140s descriptors. From the developed model, the descriptors nCl, MATS2m, GATS1m, RDF115e and RDF115u correlated negatively with the anti-bacteria biological activities of 1,3-diphenylprop-2-ene-1-one derivatives while the descriptors RDF130m and RDF140s correlated positively with the activities.
This research strongly suggested that the main features controlling ant-tuberculosis inhibition activities of chalcone derivatives of 1,3-diphenylprop-2-ene-1-one were constitutional indices, 2D autocorrelations and Radial Distribution Function (RDF) descriptors. In comparison to the QSAR studies of 1,3-diphenylprop-2-ene-1-one derivatives conducted by Umaa et al., in 2013 only log p and electronic energy were found to contri-
